Computerized cognitive training (CCT) combined with transcranial direct current stimulation (tDCS) has showed some promise in alleviating cognitive impairments in patients with brain disorders, but the robustness and possible mechanisms are unclear. In this prospective doubleblind randomized clinical trial we investigated the feasibility and effectiveness of combining CCT and tDCS, and tested the predictive value of and training-related changes in fMRI-based brain activation during attentive performance (multiple object tracking) obtained before, during and after the three-weeks intervention. Patients were randomized to one of two groups, receiving CCT and either (1) tDCS targeting left dorsolateral prefrontal cortex (1 mA), or (2) sham tDCS, with 40s active stimulation (1 mA) before fade out of the current. 77 patients were enrolled in the study, 54 completed the cognitive training, and 51 completed all training and MRI sessions. We found significant improvement in performance across all trained tasks, but no additional gain of tDCS. fMRI-based brain activation showed high reliability, and higher cognitive performance was associated with increased tracking-related activation in the anterior cingulate after compared to before the intervention. We found no significant associations between cognitive gain and brain activation measured before training or in the difference in activation after intervention. Combined, these results show significant training effects on cognitive tasks in stroke survivors, with no clear evidence of additional gain of concurrent tDCS.
Introduction
While stroke mortality has decreased during the last decades in western countries, it remains a leading cause of disabilities , and many stroke survivors experience persistent cognitive sequelae. Indeed, prevalence of neurocognitive disorders in post stroke survivors have been reported to as high as 54% (Barbay et al., 2018) , and may increase risk of dementia (Pendlebury, 2012) . Reduced working memory capacity is among the most common impairments (Teasell, 1992; Zinn et al., 2007) , with high prevalence at the chronic stage (Mahon et al., 2017; Schaapsmeerders et al., 2013) , and potentially large impact on daily functioning (Synhaeve et al., 2014) . Stroke lesions influences brain activation patterns (Altamura et al., 2009) , and working memory deficits have been linked to aberrant activation during task engagement (Ziemus et al., 2007) .
Computerized cognitive training (CCT) has shown some promise in augmenting cognitive rehabilitation. A recent meta-analysis revealed small but significant improvements on cognitive functioning in response to CCT in healthy participants (Au et al., 2015) . Similar findings have been reported in patients with Parkinson's disease (Leung et al., 2015) , mild cognitive impairment (Maffei et al., 2017 ), brain injury (Weicker et al., 2016) , and stroke (De Luca et al., 2018b; Peers et al., 2018) , as well as schizophrenia (Prikken et al., 2018) and major depression (Motter et al., 2016) . However, the underlying mechanisms remain elusive.
Non-invasive electrical stimulation of the brain has been suggested to augment training benefits (Kang et al., 2015; Marquez et al., 2015) . Indeed, evidence suggests amplified motor recovery post-stroke, when physical therapy is paired with transcranial direct current stimulation (tDCS) (Kang et al., 2015) , and the beneficial effects have been suggested to generalize to a cognitive rehabilitation context (Andrews et al., 2011; Fregni et al., 2005; Lawrence et al., 2018) . Despite some positive findings, the overall effectiveness of tDCS has been questioned (Medina and Cason, 2017) . Also, the potential mechanisms, if any, are unclear, yet enhancing neuronal excitability by lowering the membrane-potential has been suggested as one of the candidate means (Giordano et al., 2017) .
Functional MRI has become an increasingly used non-invasive brain imaging method linking behavior to brain activation patterns. Studies investigating alterations in brain activation in response to CCT have reported mixed results. In healthy controls, training gains have been associated with decreased activity in medial and dorsal frontal areas, including anterior cingulate (Heinzel et al., 2016; Miró-Padilla et al., 2018; Motes et al., 2018) , with increased efficiency reflected in lowered activity as a suggested cognitive mechanism (Constantinidis and Klingberg, 2016) . For patient cohorts the current evidence is sparser, but increased activity in frontal and parietal areas in response to cognitive training has been reported in patients with schizophrenia (Haut et al., 2010; Ramsay and MacDonald, 2015; Subramaniam et al., 2014) . In stroke patients, CCT has been associated with increased functional connectivity (FC) between hippocampus, frontal and parietal areas, which was associated with improved cognitive performance Yang et al., 2014) .
Despite some promising findings the effects of CCT (Buitenweg et al., 2018; De Luca et al., 2018a; Melby-Lervåg and Hulme, 2013; Melby-Lervåg et al., 2016) and tDCS (Dedoncker et al., 2016; Hill et al., 2016) are still unclear. More knowledge about the origins of individual differences in training gains is key to evaluate the value of these interventions.
To this end, we investigated training-related effects of a commonly used working memory computerized training program in combination with tDCS, and tested the predictive value and sensitivity of fMRI-based brain activation as a marker for training-related gain in task performance. Specifically, we estimated activation-patterns during a multiple object tracking task (Alnaes et al., 2014; Dørum et al., 2016; Pylyshyn and Storm, 1988) at baseline, before initiating training (on average 4 weeks after baseline measure), and after a three-week intervention. To assess specific associations with tDCS and following a double-blind design, in addition to CCT each participant was pseudo-randomized into two groups: 50% (n=27) receiving active tDCS-stimulation and 50% (n=27) receiving sham stimulation, directed towards the left dorsolateral prefrontal cortex.
We tested the following hypotheses: (1) Cognitive training enhances performance on trained tasks, and level of improvement is affected by tDCS stimulation protocol. (2) fMRIbased brain activation patterns prior to training are predictive of training gain. (3) Individual differences in task improvement are reflected in differential patterns of brain activation after the three-weeks intervention, in particular involving frontal and parietal brain regions.
Methods

Sample and exclusion criteria
Figure 1 depicts the study recruitment pipeline. Participants were recruited from two major hospitals located in Oslo, Norway (Stroke unit at Oslo University hospital, and Geriatric department at Diakonhjemmet Hospital, Oslo, Norway). Hospital staff identified suitable participants, in a chronic phase, without other severe neurological, developmental, or psychiatric comorbidity. Approximately 900 invitations were sent out, and 250 responded; among those, 77 patients were eligible for participation and were initially included in the study (Ulrichsen et al., 2019) . 19 participants withdrew from the study prior to (n=13) or during (n=6) the cognitive training due to the labor-intensity of the intervention. Four participants were excluded due to medical reasons violating the inclusion criteria. In total, 54 participants completed the cognitive training program. One participant had corrupted behavioral data from fMRI assessment, and was excluded from all MRI analysis. For MRI assessment 3, one participant had poor alignment to the MNI-template, and one participant was not able to complete the task, yielding a total of 53 baseline and 51 with full MRI at all timepoints.
The study was approved by the Regional Committee for Medical and Health Research Ethics South-East Norway, and all participants provided written consent.
Figure 1. Flowchart displaying inclusion pipeline
Patient characteristics and lesion demarcation
Sample characteristics for the participants completing the intervention (n=54) are described in Table 1 , including NIHSS (Goldstein et al., 1989) , TOAST (Adams et al., 1993) , MMSE (Strobel and Engedal, 2008) and IQ derived from WASI (Ørbeck and Sundet, 2007) .
For each participant, lesion demarcation was performed by a trained assistant, utilizing the semi-automated toolbox clusterize, implemented for SPM8 (Clas et al., 2012; de Haan et al., 2015) , and guided by radiological descriptions. 
Cognitive training
The patients performed a computerized working memory training program (Cogmed QM, Cogmed Systems AB, Stockholm, Sweden), comprising 12 auditory-verbal and visual-spatial working memory tasks. The participants completed 17 training sessions over the course of three weeks. The two first sessions were used to adjust the task difficulty to each individual's level of performance and were excluded from further analysis. We included eight tasks with more than three training sessions in the analysis.
tDCS
Participants were randomly assigned to either active or sham condition, using codes provided by the manufacturer and implemented by an in-house Matlab script, pseudo-randomizing participants while maintaining balance in groups of 20. tDCS stimulation was applied at six occasions for each participant, with a minimum of 48 hours between stimulations, aiming at an average of two stimulations per week. Stimulation current was 1000 µA, stimulation time was 20 minutes for the active group with a ramp-up time of 120 seconds and fade-out time of 30s. The sham stimulation consisted of rampup followed by 40 seconds of active stimulation and then fade-out, following factory settings. Stimulation was delivered via a battery-driven direct current stimulator (neuroConn DC stimulator plus, Germany), through 5 x 7 cm rubber pads, yielding a 28.57 µA/cm2 current density at skin surface. Impedance threshold at start-up of stimulation was < 20 kΩ, and was regulated by the device with an absolute threshold at 40 kΩ for automatically terminating stimulation. The pads were covered with high-conductive gel (Abralyt HiCl, Falk Minow Services Herrsching, Germany) to enhance conductance.
Electrode location was determined by following the 10-20 system, where the anodal electrode was located at F3 corresponding to left DLPFC and cathodal at O2 corresponding to right occipital/cerebellum, and fixated with rubber bands.
fMRI task
Participants performed a blocked version of the multiple object-tracking task (MOT) (Pylyshyn and Storm, 1988) , as previously described in detail (Alnaes et al., 2015b) . Briefly, the participants were presented ten identical circles on a grey background. All objects were initially blue, before zero (passive viewing), one (load 1) or two (load 2) of the objects turned red for 2.5 seconds, designating them as targets. After all objects had returned to blue, the objects started moving randomly around the screen for 12 seconds. After the 12 second tracking period, the objects became stationary, one of the objects turned green, and the participants were instructed to respond "yes" or "no" to whether or not the green probe had been designated as a target in that trial. If the trial was a passive viewing trial, the participant was instructed to keep fixation on the screen. The task consisted in total of 24 semirandomized trials ensuring the same condition was not repeated consecutively.
MRI acquisition
MRI data was acquired with a 3T GE 750 Discovery MRI scanner (32-channel head coil) located at Oslo University Hospital. T1-weighted images was acquired using a 3D IR- fMRI data processing fMRI data was processed using FMRI Expert Analysis Tool (FEAT) Version 6.00, from FMRIB's Software Library (FSL; Jenkinson et al., 2012; Smith et al., 2004) , and included the following steps: correction for motion using MCFLIRT (Jenkinson et al., 2002) , linear trend removal and high-pass filtering (0.01 Hz), removal of non-brain tissue using BET (Smith, 2002) , spatial smoothing with a Gaussian kernel of full width at half maximum (FWHM) of 6 mm (SUSAN ; Smith and Brady, 1997) , and linear registration using FLIRT (Jenkinson and Smith, 2001) to Montreal Neurological Institute (MNI) 152 standard space using the T1-weighted scan as an intermediate. In the same manner, normalization parameters were estimated for each participants T2-weighted image, and applied to the demarked lesion.
Statistical analysis
Cogmed main effects of time: To investigate the trajectory of Cogmed performance across participants and time points, linear mixed effects (lme) models were estimated for each test, using the lme function from the nlme-package (Pinheiro et al., 2017) in R. Task performance was entered as dependent variable, with training session as independent variable, and age, sex, tDCS-group, educational level in years (self-reported) interaction between training session and tDCS as fixed factors, and participant as random factor.
Cogmed individual trajectories: To quantify individual trajectories in Cogmed
performance across the training-period, we estimated for each test and each participant a linear model with performance as dependent variable and session number as independent variable, yielding a beta-estimate (slope) for each test for each participant reflecting changes in performance over time. As a measure of overall performance for each participant, we used the average task performance across sessions for each test for each participant. To investigate task homogeneity in beta-estimates and average performance we performed multivariate outlier detection with the aq.plot function in the mvoutliers package in R (P. Filzmoser and Gschwandtner, 2018) , with an alpha of 0.001 and 90% of the sample to estimate the minimum covariance determinant. Two subtests ("hidden objects" and "Digits") were found to have a high number of outliers compared to the other subtests, and were excluded from further analysis (See Supplementary Figure 2 for details). For transparency, subsequent analyses were performed both with and without the outliers included.
To derive a common score for average Cogmed performance and gain, we performed a principal component analysis (PCA) on beta-estimates and average performance, respectively. All scores were zero-centered and standardized prior to running the PCA. We used the first factor from the beta PCA as a Cogmed change score, and the first factor from the average performance PCA as a Cogmed average performance score (see Supplementary   Figure 3 for scree-plot derived from the PCA performed on both with and without the excluded tasks).
To assess the association between Cogmed scores and lesion severity, we estimated linear models for both Cogmed change and average performance scores, using lesion volume, number of lesions and their interaction as explanatory variables. Models were estimated using the lm function in the stats package in R (Team, 2013) . fMRI analysis: First-level GLMs for each participant and scanning session were estimated using FEAT (Woolrich et al., 2001) , including regressors for passive viewing, load 1, load 2, responses, as well as the standard and extended motion parameters estimated during preprocessing. The following contrasts were estimated: passive viewing, load 1, load 2, tracking ([load 1 + load 2] -passive viewing) and load (load 2 -load 1). To estimate main effects of experimental conditions across individuals contrasts of parameter estimates (COPEs) from each participant's first scan session (baseline) were submitted to a mixed effects analysis using FMRIB's Local Analysis of Mixed Effects, estimating group level parameters. To test for differences in brain activation before (scan session 2) and after (scan session 3) training, we first performed fixed effects analysis for each participant separately, including all COPEs from first level GLM, specifying the contrasts session 3 minus session 2.
Next, all individual COPE maps were submitted to randomise to test for main effects while correcting for multiple comparisons using permutation testing and threshold free cluster enhancement (TFCE (Smith and Nichols, 2009) ).
To quantify within-subject reliability in brain activation, we estimated intraclass correlation coefficient (ICC) for each voxel between assessment two and three utilizing the variance from one-way random ANOVA, for the contrasts passive viewing, load 1 and load 2, as implemented in the ICCest function from the ICC R package (Wolak et al., 2012) .
To test for associations between Cogmed change and average performance scores and brain activation, individual level COPE maps were stacked and submitted to randomise. The model included sex, age, and either Cogmed change score or Cogmed average performance score (obtained from the PCA). All models were corrected for multiple comparisons across space using 5000 permutations and thresholded using TFCE. Figure 3 shows Cogmed performance over time for each group and Table 2 displays corresponding summary statistics. Lme revealed a significant group-level improvement on all Cogmed tests included in the analysis. In addition, we found a significant association with age on mean performance across all tests, indicating lower average performance with higher age.
Results
Cogmed performance
We found no significant associations between Cogmed performance and sex, tDCS group (sham/experimental), or years of education. We found a significant interaction between time and tDCS on the twist task, suggesting augmented training gain in the participants in the active tDCS stimulation group. However, after removal of one outlier defined by visual inspection, the result did not reach significance (see Supplementary Table 1 
fMRI main effects of task
Figure 4 shows main effects of task condition at baseline, and Table 3 Our analysis revealed no significant differences in brain activation between timepoint 2 and timepoint 3 for any of the task contrasts. fMRI -reliability 
Cogmed -fMRI associations
We found no significant associations between the Cogmed change score and brain activation at timepoint 1, or between Cogmed change score and the difference in brain activation between timepoint 2 and 3.
Likewise, we found no significant associations between Cogmed average performance score and brain activation at timepoint 1. However, the results revealed a significant association between Cogmed average performance score and the difference in activation during attentive tracking between timepoint 2 and 3, indicating larger activation increases in the anterior cingulate cortex (ACC) (Figure 6 ) with higher average performance. For transparency, the same analysis utilizing the Cogmed average performance score based on all 8 subtests (from the PCA), revealed highly similar effects (Supplementary Figure 5) , suggesting that the results were not reliant or biased by excluding the two subtests. 
Discussion
In this study, we tested the feasibility and effectiveness of a commercially available working memory-training package paired with tDCS in a heterogeneous group of chronic stroke survivors. Further, we assessed the predictive value of fMRI-based brain activation pretraining on training related gains, as well as changes in task activations between pre and post training. The results revealed significant performance gains on the trained tasks. Further, we found no additional gain of tDCS on training gain. Of note, albeit non-significant, the directionality of the effects indicated no clear direction of tDCS effects. Our analysis revealed no significant association between fMRI brain activation prior to training and performance gain, nor average performance during the training period. However, high average performance across the training sessions was associated with increased task activation from pre to post-training in the ACC.
Tailoring behavioral interventions for alleviating cognitive difficulties following stroke calls for investigation of both treatment response, as well as delineating factors predicting favorable outcome. Cognitive abilities prior to training as well as motivation (Guye et al., 2017; Jaeggi et al., 2014) are currently among our best predictors for beneficial effects.
Our results revealed significant improvement on all included tasks from the training program, in line with previous reports (Spencer -Smith and Klingberg, 2015; Westerberg et al., 2007) .
Our results support that repeated practice, where level of difficulty is adjusted during training, improves performance on the trained tasks. However, the generalizability of training-effects following CCT has been debated (Au et al., 2015; Melby-Lervåg and Hulme, 2013; Morrison and Chein, 2011; Shipstead et al., 2012; von Bastian and Oberauer, 2014) . Indeed, recent large-scale reviews suggest a lack of reliable transfer beyond tasks that share properties with the trained tasks (Melby-Lervåg et al., 2016; Sala and Gobet, 2018) . The lack of transfer effects is suggested to be caused by the failure of targeting common mechanisms underlying fluid intelligence such as working memory and attention, and rather targeting task specific mechanisms through repeated practice (Melby-Lervåg et al., 2016) . Despite our promising behavioral results on trained tasks, the previous lack of transfer-effects calls for caution before implementation in a clinical setting.
With the exception of one of the trained tasks, that did not reach significance after removal of an outlier, our results revealed no significant interaction between cognitive improvement and tDCS stimulation. Although anodal tDCS has shown beneficial effects on cognitive training compared with sham stimulation in healthy adults (Martin et al., 2013) and have been associated with steeper learning curves (Ruf et al., 2017) , a recent meta-analysis provided no support of a beneficial effect of tDCS on cognitive training compared to sham (Medina and Cason, 2017) . The current literature investigating the added effect of combining tDCS and working memory training in stroke patients is scarce. Single session anodal tDCS towards the left DLPFC improved recognition accuracy during an N-back task (Jo et al., 2009) , and longitudinal concurrent anodal tDCS and CCT increased accuracy on a nontrained continuous performance test (CPT) compared to sham (Park et al., 2013) . However divergence in study protocols and results hampers a direct comparison (daSilva Filho et al., 2017) . Beyond robust improvement on all trained tasks during the course of the intervention, our results provide no evidence of additional beneficial effects of tDCS stimulation.
Our fMRI results revealed increased activation of the DAN, along with deactivation of DMN for passive viewing, load 1 and load 2. Further, contrasting tracking to passive viewing, and load 2 to load 1 revealed that attentive tracking increased DAN activation in a loaddependent manner, in line with previous reports based on healthy samples (Alnaes et al., 2014; Dørum et al., 2016 ). Higher average Cogmed task performance was associated with increased tracking-related ACC activation following training. Working memory performance has been associated with increased activity in ACC, in particular for error monitoring and task set maintenance (D'Esposito et al., 1995; Kolling et al., 2016) .
Studies delineating developmental trajectories of working memory indicate that healthy development entails an age-related increase in working memory related activity and connectivity in ACC, and is associated with increases in cognitive capacity (Kolskår et al., 2018) . ACC activation has also been linked to intelligence in healthy adults (Basten et al., 2015) , and stronger ACC recruitment was associated with increased attention following CCT in patients with ADHD (Stevens et al., 2016) . Similarly, longitudinal fMRI during a working memory task revealed increased ACC activation in parallel with training gains in adults with ADHD (Zilverstand et al., 2017) . Taken together, these and our findings indicate that WM capacity is associated with neural modulation of ACC in response to WM task performance.
The current findings should be interpreted in light of several limitations. Based on the clinical ratings (NIHSS) at hospital discharge, the patient group was sampled from the less severe part of the stroke severity spectrum. Further, patient drop-out during the intervention was due to the labor-intensity of the training. Hence, our sample is biased towards higher functioning stroke patients, limiting the generalizability of our results. The lack of a control group for the CCT does not allow us to disentangle effects of the cognitive training from the effect of time, anticipation, or other confounders. Further, the current study does not investigate transfer effects of the cognitive training that may be relevant for evaluating clinical relevance, and further studies are needed to evaluate the full behavioral potential for working memory interventions in stroke patients. The group level task activation patterns in the current study largely mirrored those reported in previous studies in healthy controls (Alnaes et al., 2015a; Dørum et al., 2016) . However, the current study design did not allow us to make an explicit comparison (D'Esposito et al., 2003) . Here we only considered brain activation in response to task demands. Future studies should also pursue a promising line of research utilizing imaging indices of structural and functional connectivity to investigate behavioral correlates of stroke, which may supplement and increase our understanding of stroke and stroke recovery.
In conclusion, we have investigated response to a computerized cognitive training program in 54 stroke survivors in combination with tDCS, as well as the predictive value of neural activation on training outcome, and neural alterations following training. Our results revealed increased performance across all trained tasks. However, the generalizability of CCT has previously been questioned, which, combined with the lack of tDCS effects in the current study, calls for caution when interpreting the clinical relevance. We found no significant predictive value of brain activation prior to training on training outcome, but average performance across trained tasks was related to increased ACC activation following training.
